The linking of disparate data sets across time, space and sources is probably the foremost current issue facing Central Statistical Agencies (CSA). If one reviews the current literature looking for the prevalent challenges facing CSAs, three issues stand out: 1) using administrative data effectively; 2) big data and what it means for CSAs; and 3) integrating disparate data set (such as health, education and wealth) to provide measurable facts that can guide policy makers. CSAs are being challenged to explore the same kind of challenges faced by Google, Facebook, and Yahoo, which are using graphical/semantic web models for organizing, searching and analysing data. Additionally, time and space (geography) are becoming more important dimensions (domains) for CSAs as they start to explore new data sources and ways to integrate those to study relationships. Central agency methodologists are being pushed to include these new perspectives into their standard theories, practises and policies. Like most methodologists, the authors see surveys and the publications of their results as a process where estimation is the key tool to achieve the final goal of an accurate statistical output. Randomness and sampling exists to support this goal, and early on it was clear to us that the incoming "it-is-what-it-is" data sources were not randomly selected. These sources were obviously biased and thus would produce biased estimates. So, we set out to design a strategy to deal with this issue.
Introduction
The linking of disparate data sets across time, space and sources is probably the foremost current issue facing Central Statistical Agencies CSAs. If one reviews the current literature looking for the prevalent challenges facing CSAs, three issues stand out: 1) using administrative data effectively; 2) big data and what it means for CSAs; and 3) integrating disparate data sets (such as health, education and wealth) to provide measurable facts that can guide policymakers. CSAs are being challenged to explore the same kind of concerns facing Google and Facebook, which are using graphical/semantic web models Ferrara et al. 2011 for organizing, searching and analyzing data. Additionally, time and space (geography) are becoming more important dimensions (domains) for CSAs as they start to explore causal models. Central agency methodologists are being pushed to include these new perspectives into their standard theories, practises and policies. This article presents a schema for integrating and linking traditional and nontraditional data sets. Like all survey methodologies, this schema addresses the fundamental issues of representativeness, estimation and total survey error measurement.
Over the past decade, a new design paradigm has emerged concerning strategies for integrating disparate data sets to provide new understandings from the data. The development of this paradigm is currently not focused and there are multiple paths of advancement being pursued, such as big data, evolutionary databases (Fowler and Sadalage 2003) , semantic web models, graphical query databases and many others. In a Graphical Queries Database (GQD), every element has a direct pointer to its adjacent elements. The simplest GQD pointer is a first order tree of one-to-one links. Semantic web links are first-order trees where the linkage function (the verb) becomes a generalized function. All these areas of research have a core issue: combining/linking large disparate data sets in a feasible and cost-effective manner. The complexity of the information, the fuzziness of the data inside each data set, the fuzziness of the linkage strategies, the large number of disparate data set, covering disjoint populations, the lack of control of the content and quality of administrative data, and the size of the data sets preclude the use of many straightforward classical solutions (Baker et al. 2013; Bakker and Daas 2012; Hand 2018; Holt 2000; Zhang 2012 ).
All the above-mentioned strategies appear to follow parallel paths to the same general solution. All these approaches propose viewing disparate data set integration as an evolutionary or ongoing process. The data and the database structure evolve as new information is added; as more data sets are added and linked; as new relationships between data sets are discovered and added; as new models of how different data sets interact are discovered; as new editing rules and methodologies are found; as the questions that we want answered change; as we become more knowledgeable of the data; and so on. The evolutionary nature of the problem implies that no fixed solution can succeed over an extended period. All the strategies cited above embrace evolution and make it part of the solution.
The core data design concept we are proposing is a simplified adaption of how many online search companies structure and search data. The major point of departure of our schema versus these online solutions is our inclusion of time. For these companies, the point in time at which the measurements are made is not usually a relevant characteristic, but for our schema, it will be a fundamental aspect of the data. Later in the document, we will also see that "space" or geography will become a necessary dimension of our design schema. Our schema will be underpinned and anchored by a space-time lattice, through which our entities will travel. It is somewhat akin to the game called "Life". We will call the structured collection of common files (administrative, survey, register or census) an evolutionary schema. The term "evolutionary" implies that the database constructs entities' event timelines and these timelines are updated with new current events. The event timelines evolve. In the paradigm of database design and programming, "evolutionary database" design has a different sense. It is the database design schema and algorithms that are always evolving in an incremental fashion. Our proposed design will be evolutionary in this sense as well.
We present a conceptual schema for dealing with the integration of nontraditional and traditional survey data sets. It is important to note that we will be presenting a strategy for structuring, analyzing problems and answering questions, rather than a specific solution. As in classical survey design, our final goal will be a strategy to provide the best possible estimates. To achieve this, we convey the message that methodologists must understand the whole process that will produce the estimates, not just focus on one phase of the process.
We believe that the basis for understanding this process and creating interpretable and meaningful estimates will be a system of statistical base registers, plus consistent monitoring and maintenance strategies. These statistical registers serve as lighthouses for illuminating 'trusted' estimation procedures and provide a benchmark for comparing and investigating representativeness concerns. We believe that our schema provides a broad and general framework for CSAs working with large collections of administrative data and other conveniently available data sets/databases that we refer to as "it-is-what-it-is" data sets. We offer a framework for: structuring the non-probabilistic data; making it useful for cause and effect statistical inference; incrementally developing, designing and maintaining the database system; and, inserting total survey error concepts into the schema. Our schema does not provide detailed designs for these processes, instead we provide a pseudo-scientific framework for addressing survey design questions when using non-probabilistic data sets.
Section 2 presents the concept of "it-is-what-it-is" data sources. Section 3 discusses the importance of registers to support estimation and eliminate potential biases within the database schema. Section 4 presents an overview of our data model for structuring and using the data in the evolutionary database. Section 5 discusses how estimation might take place in the evolutionary schema. Section 6 discusses the place of metadata, and measuring Total Survey Error (TSE) and controlling quality in this evolutionary schema. Section 7 is a summary.
Structured Framework for Using "it-what-it-is" Data Sets

"It-is-what-it-is" Data Sets
In our evolutionary schema, we will assume that all data sources integrated into the evolutionary database are provided by an outside agency that is beyond the control and influence of the owners of the evolutionary database. These outside sources could be administrative files, censuses, registers, client lists, commercial transactions, sensor readings, survey files, sample files, and so on. Our source data sets will be what Sharon Lohr (Lohr et al. 2015) recently referred to as "it-is-what-it-is" data sets. "It-is-what-it-is" data sets are source files where the survey methodologist has no control over the selection probabilities, nor the content of the files. It should be noted that the true sample selection probabilities for the entities in these external sourced data sets may be non-probabilistic and/or unknowable.
As expressed by Sharon Lohr, the term "it-is-what-it-is" has a wider sense. As survey methodologists, we may be asked to answer questions where the sole source of information concerning these questions are "it-is-what-it-is" data sets and thus we may be forced to use these data sets despite their limitations. In this case, methodologists must resort to pseudo-scientific methods to address the questions. If this is the case, Sharon says methodologists need to be aware of the data sets' limitations or "what it is". Sharon stated that "it-is-what-it-is" data sets fundamentally change our analysis paradigm and we need to understand this point. In the following discussions, the "it-is-what-it-is" nature of the data sources will be an integral part of our schema.
In our case, both administrative data and big data fit the "it-is-what-it-is" concept. They are not necessarily distinct from one another, and from a CSA's perspective, using them means reusing data that originated outside the agency. UNECE (2011) defines administrative data as "data that is collected by sources external to statistical offices" and "administrative sources are data holdings containing information that is not primarily collected for statistical purposes". This broad definition would also include almost all big data, given the existing different definitions of the phenomena. However, an administrative data source does not have to be "big" nor do big data sources normally have administrative purposes. Usually, the administrative data delivered to the CSAs come from and through the operations of another public organization. This is seldom the case with big data sources; they stem from activities, events and operations within the whole of society.
The "Elephant in the Room" -Representativeness
Unfortunately, there is an elephant in the room when we deal with "it-is-what-it-is" data sets. The elephant is the fact that these source files may not be appropriate for making statistical inferences concerning the general population because the selection probabilities are non-probabilistic.
. A recent American Association Public Opinion Research (AAPOR) task force report on non-probability sampling (Baker et al. 2013 ) stated that "approaches lacking a theoretical basis are not appropriate for making statistical inferences". It was pointed out in an earlier AAPOR report (Baker et al. 2010 ) that statistical estimates and inferences drawn from "it-is-what-it-is" data sets cannot be trusted to be representative of the general population. In reference to the two AAPOR reports, Langer (Langer 2013) quotes a well-known classical reference (Kruskal and Mosteller 1979) stating that "[w]e prefer to exclude non-probability sampling methods from the representative rubric." Langer is implying that one cannot ever claim that results derived from an "it-is-what-it-is" data set are representative of the general population. This is a strong statement and raises questions about the ultimate usefulness of "it-is-what-it-is" data sources.
As the 2013 AAPOR report states, the key is the risk associated with the source data set not being representative of the general population. This is a serious risk because most "it-is-what-it-is" sources suffer from significant coverage issues associated with various sub-populations within a target population. (Overcoverage, duplicates, undercoverage, and missing data can occur in any data source and they can all lead to a population or sample being nonrepresentative. For brevity, at times we will use these terms interchangeably or in a generic sense.) The risk of bias is a systemic problem when dealing with "it-is-what-it-is" data sets and, as illustrated in Subsection 4.4, the crosslinking of "it-is-what-it-is" data sets significantly increases the potential risk. This is the Achilles heel of "it-is-what-it-is" data and, if we cannot address this issue, we will never be able to widely use "it-is-what-it-is" data. As survey methodologists, we must be able to defend ourselves from criticisms of bias caused by, for example, undercovering populations, such as the underprivileged or rare populations. Without a methodology to measure coverage issues and correct its effects, how do we maintain our credibility? Our schema offers a strategy for confronting this key issue and a stepping stone enabling CSAs to handle a paradigm change and make statistics by repurposing and combining data from sources outside their direct control.
Correcting Nonrepresentativeness with Registers and Frames
In our article, we address the representativeness risk by creating statistical population registers or frames that allow us to measure and correct over-and undercoverage. Most CSAs estimate for three types of populations: persons, businesses (from a National Accounts perspective these include nonprofit and public organizations) and geography. So, we propose that CSAs adopt these registers as their fundamental mechanism for dealing with nonrepresentativeness within their data ecosystem. As we go through the next few sections we will outline a strategy that:
1. Creates three lighthouse (base) registers systems and uses them to measure underand overcoverage in various strata. Then, we use these registers to create calibrations (design-based designs) or models (model-based designs) or Bayesian priors (Bayesian designs) to correct for under-and overcoverage. 2. We will assume that we can construct a stratification definition process that ensures that within each stratum we can assume that the observed entities were generated by a random process. Thus, within each stratum the observed entities are assumed to be representative of the stratum sub-population. 3. This estimation capability will be supported by efficient and frequent monitoring of entity transitions in the registers. We foresee the regular use of indicators of entity flows and means of validation (through surveys and investigations) that are regularly used to update the strata and tombstone information in the registers.
The authors recognize that their strategy is naive and pseudo-scientific. It may not correct for all the biases created by the "it-is-what-it-is" data sets' under-and overcoverage. Yet it is a first step along a well-trodden design-based path. As we gather more expertise, future methodologists will develop more mature and complex methodologies for dealing with representativeness. By anchoring "it-is-what-it-is" data over time against better known or controlled data, there will be progress. While we recognize the risks of following a strategy that does not have an unambiguous theory behind it, we feel there is no other choice.
Creating the Lighthouse Registers
Estimation and Representativeness Requirements Imply the Need for Registers
Our evolutionary schema's estimation strategy is built upon three lighthouse registers systems (Thygesen and Grosen-Mielsen 2013) . The structural supports for estimation will Lothian et al.: Evolutionary Schema for Using "it-is-what-it-is" Data be the three traditional entity registers/frames already used by many CSAs. These are geography (or land, dwellings, property, or addresses), persons (or households, or families) and firms (or organizations, businesses, enterprises, establishments, or plants). Traditionally, the census played the role of both the dwelling and person registers, while the business register provided a firm register. To these three key base registers we add time, so that cause and effect relationships can be studied. As in science, time is a special dimension with unique properties quite different from our other three entity dimensions. Yet nevertheless, it will enter many estimation problems. Note that in our schema, a base register system is not equivalent to a sampling frame nor to a census. A census could be an input for building a register and a frame is an output of a register system. In practice, base register systems might be a single database file spanning all time periods and subpopulations or it might be a collection of subregistries achieving the same purpose. Base registers: define important statistical units, define standardized populations, contain links to units in other base registers, contain links to other data sources that relate to the same units, are important as a sampling frame, and can be used for demographic statistics for the units (Wallgren and Wallgren 2014) . For convenience, we will dispense with using the descriptor "system" and use the singular form "register" when referring to base register systems.
The base registers of geography (LR), persons (PR) and businesses (BR) together with time are the lighthouses for estimation in their respective dimension. They illuminate potential areas of bias in our estimation system and shine light on the quality of our estimates (Figure 1 ). Base registers that are connectable to our data sources are the key design element that will allow us to make high quality estimations. These registers will be our starting point for adjusting for nonrepresentativeness effects in our schema.
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It is what it is data Fig. 1 . The three base registers anchor estimates and illuminate the quality of "it-is-what-it-is" data sets.
Historically CSAs have built business registers from administrative files, while censuses and administive address files have been the main sources to make pseudoregisters for dwellings and persons. We envision a future where all three base registers are built from administrative files supplemented by surveys and censuses.
The challenge is how to create a base register from a disparate collection of administrative files. If we create a union data set of all the entities covered by multiple administrative data set sources, the resulting population size is often orders of magnitude larger than the current estimated population count of entities. Alternatively, when we create an intersection data set for the available administrative data sources, the coverage of the population rapidly plummets as more administrative data sets are joined. Typically, the entity count in the intersection data set is much lower than the current estimated population of entities. Winnowing down the number of entities in this collective to create an unbiased frame with complete unduplicated coverage of a desired target is a complex task. We believe that this implies that we must recognize representativeness as the core issue in developing our register systems. The data sources will be "it-is-what-it-is" data sets and we accept that fact and deal with it the best we can. Without some structured strategy for dealing with this issue, any estimation process will be of poor quality. Fortunately, CSAs have a template for developing these future registers: the current universally accepted process for creating business registers.
In the following sections, we will outline a strategy for constructing a representative base register. There are commonalities of function and design that cross the three base registers defined within our schema. Each register will be made up of well-defined entities that exist in the real world and are theoretically finite in number and countable. In each case, the registers will cover a wider population of entities than the current active population. The register will be created from multiple sources of varying quality, indicating whether an entity existed or not and over which period. Entities will have birth and death dates. Hierarchical structures may exist within each register: for businesses (enterprises, establishments, plants, locations); for persons (households, families, persons); and geography (regions, census tracts, land holdings, buildings, addresses).
Universal Identifiers
Most of the literature on creating person registers was written by authors from countries where universal and unique personal identifiers exist and have been in use by the general population for decades (Bakker and Daas 2012) . If a country has a universal identifier given to every resident at birth or upon entering the country for residence, then they have the core of a personal registry. Yet even in this fortunate case, this will not be sufficient information for creating a base person register. To create a PR, one also needs entry and exit dates from the country and birth and death dates for every entity. Alternatively, a country that conducts regular censuses has the core for creating a person register. But in this case, they must coherently merge all the available censuses into a unified file, plus augment the information from other sources detailing births and deaths, and entries and exits to the country. Adding time to our schema complicates our design.
Outside of Europe, universal identifier registers are rare. In most countries, there are serious technical and political obstacles to overcome if one wishes to create a universal identifier system. The authors believe that for the foreseeable future, most of the countries in the world will not have a universal person identifier system. Therefore, a generic register construction methodology should not depend on the existence of a universal identifier. This requirement presents us with a conundrum if neither a universal identifier system nor regular censuses exists. We are confident that the current available BR technology, together with an evolutionary development strategy can overcome this challenge. In the following sections, we will assume that a universal identifier does not exist.
A Template for a Base Register
The basic BR template is mature, well understood and supported by a broad international consensus. Thus, we will use a simplified BR structure as a template for illustrating how one might construct and maintain the three base registers. In common usage, the term "business register" is not a base register system in the sense that we define it. The current standard design of the business register encompasses a complex system of interacting files, rather than one core list. In our schema, we define three types of files encompassed within each base register system: the source files or administrative registers; the entity register which is our core base register; and the statistical registers, which we might think of as statistical frames.
The BR's entity register of firms enumerates all business entities that have an event in any "it-is-what-it-is" source data files in the past V years. These collections of source files used to identify and birth entities to the entity register we will call the administrative registers and are subregisters within the business register system. The BR's administrative registers can give conflicting or partial information concerning the presence of business activity at any point in time. They can have different processing dates with different lags in their arrival at a CSA. Different data source agencies tend to use different identifiers. Duplicate transactions can occur. The information collected by each source can be radically different, with conflicting evidence concerning events and activity. Thus, the entities birthed from the administrative registers into the entity register represent a spectrum of entities with a varying quality of information. Some entities will have definitive birth dates and continuous ongoing economic activity over a span of time. Others may only show evidence of an entity registration, with no sign of subsequent activity. We divide this spectrum into three groups. The groupings depend on the quality of the administrative information indicating whether the entity exists and is active in a specific target population at a specific time. At the top of the spectrum are entities with multiple confirmed indicators of existence from high quality sources and at the bottom of the spectrum are firms with only partial information from one low quality source.
All sources are not considered of equal quality or informative value concerning the presence of activity. As such, rules must be created that define when the activity observed implies an actual birth to the register. When maintaining the register, there is a trade-off concerning the breadth of information included in the entity register versus the cost of processing and maintenance of this information. Typically, a small number of sources are viewed as "fundamental" indicators. New registrations from these fundamental sources will always generate births to the base register. Internal IDs for these fundamental sources are maintained within the entity register. Typically, these maintenance processes ensure that the internal IDs are consistent over time and space, and are unduplicated. If there are multiple IDs on the registers, there should exist an internally generated unique ID that spans the population of all the fundamental sources. If hierarchical structures exist on the register, then multiple internal IDs may be required. The entity register can include "inactive" entities: entities that show uncertain, infrequent, very weak or no signal of activity. (For business entities, "inactive" is an acceptable terminology, but for the PR it would be inappropriate. A preferred terminology then might be a classification of "unconfirmed".) An example of an inactive firm is a single indicator of registration or creation on a single administrative file with no known other event. Figure 2 summarizes this process.
The full register system is not useable in any real sense by users outside CSAs because it contains a collage of disparate populations and plethora of active and inactive entities. The essential process in Phase 1 is the "birthing rules" shown in Figure 2 . In the BR, these rules are typically set by a cooperative team from the BR, National Accounts, business surveys and methodology. External users of the register cannot change or control these rules.
The administrative and entity registers are never seen by external users. Instead, the users see the statistical registers (or target population frames). A frame is the empirically derived list of the target population of interest. In the design-based paradigm, it would be our sampling frame and most practitioners think of a frame in the context of a sampling but, it is also our best possible estimated entity count. The register system presents statistical registers (or survey frames) to users by putting a filter over the full register. Each filter changes what entities the user will see. This is the second phase of the register maintenance system. Figure 3 below summarizes this process. The key process in phase 2 is the "statistical register creation rules". 
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The real output of the registers is frame lists from the BR, PR, and LR of target populations at a given time for example, lists of active firms, resident populations or property holdings. In our paradigm, it is these statistical registers that become our lighthouses for identifying and decreasing potential biases.
The "statistical register creation rules" are a filtering mask that uses standardized rules to extract statistical registers. Users will have no control over the definitions of the standardized filtering fields, but they will have considerable flexibility within these definitions. In the case of the BR, the user may extract any standard industrial code (SIC) grouping, but they will not be able to change SIC definitions. Similarly, BR users would not be permitted to change the definition of "inactive firms" but they could choose to select active and/or inactive firms. Of course, inactive firms will not be maintained to the same standards as active firms.
Typically, a CSA will generate a full business frame (statistical business register) every publication period (monthly, quarterly or annually). Thus, a design principle of a statistical business register is that it must be possible to recreate the business frame that was used for a particular publication date. Meanwhile, updates keep flowing into the BR and influencing the view of these historical periods. In general, while revised historical frames could be created, the original frames are used instead. This would be an appropriate strategy for the other base registers. It is information from the time stamped versions of the Statistical Register that we suggest should be used to calibrate estimates and make the results from using "it-is-what-it-is" data sets more representative (less biased) of the target populations. We will discuss this further in Section 5.
In a base register system, there may be a third phase, a feed-back loop between the estimation processes from the evolutionary databases and the register processing. For example, in the context of the BR, business survey responses can lead to updates of name, address, industry classification, and so on. In the case of our evolutionary data bases environment, the estimates that come from the various integrated data sources are analyzed and the knowledge discovered can be fed back to the entity register. These feedback loops are important for keeping the core registers up-to-date and as accurate as possible. We assume the updates will be tombstone information at the entity level. Event information is not maintained in the register. Observed shortcomings in the register's design may also lead to feedback. This can be particularly important in a buildup stage to monitor and tune the rules for "birthing" and "statistical register creation" in phases 1 and 2. As the CSAs become more proficient at generating these intermediate files, they will provide the registers with a continuous maintenance function. Figure 4 illustrates all three phases as one integrated register maintenance system.
The Evolutionary Database Schema -The Data Model
Time and Cause and Effect Relationship
CSAs tend to view time as a descriptive characteristic rather than a fundamental dimension. Time becomes an estimation domain much like sex, age, race, and so on. Yet, observations are events in time and when we combine two or more data sources we need to know how to time order the events observed in the data sources. Many social scientists intuitively grasp this point because they are looking for cause and effect relationships or they wish to understand how social systems are evolving. For social scientists, time is a transcendental variable that helps them make sense of estimates. CSAs tend to think in terms of cross-sectional estimates (or panels) in time rather than a time series evolution. Time series analysis questions are often "end of the line" analyses that marginally affect the cross-sectional survey designs. Time opens avenues for us to use, analyze and improve the quality of our data sets. Observing related events (a timeline of events) for an entity can provide us with a sense of the evolutionary changes in our data or the volatility of measurements over time. This can provide us with proxies for measuring quality. Having a timeline of events for a common individual allows us to develop improved methods for detecting and fixing errors that are localized to one time period. When one wishes to link entities and events in disparate data sets, the time lines can provide extra information that can improve the quality of the linkages and in some cases, it may allow us to develop quality measurement tools for the cross-linkages.
Time in our evolutionary schema is a fundamental concept and every recorded event must have a time stamp. There is a time-ordering of all events in the schema, so we can distinguish between events, such as diagnosis, treatments and results. Time can open new avenues to improve editing, linking and quality measurements. For an interesting and expanded discussion of the importance of time in statistical analysis one might read Dunn (1946) .
Event and Timeline Databases
To illustrate how the evolutionary time schema might work, let us consider an example of a researcher who wishes to test whether a causal link exists between wealth later in life and education. The data sources available are two administrative data sets, an annual filing of income tax returns, and a collection of school records from a group of school boards. We can view each of these data sets as a list of unique entities and associate a set of datestamped events with each entity. Each entity's record can be viewed as a timeline of observed events for that entity. Because new events will be constantly added to the database timelines, the timelines are always evolving in time. The events are containers holding the information gathered for this event. In practice, the information might be just a date stamp and virtual pointers to a record in a subsidiary database.
The Annual Filing of Personal Income Tax Returns
Let us call each collection of files that come from a common generating mechanism and contain common frame entities and identifiers a "timeline database". Thus, the collective of all the taxation filings by individuals through time would be the timelines database of an individual's annual tax filings. The data within this database would be structured in a specific manner. The fundamental unique key in the database might be the individual's taxation number and an individual's annual tax filing would be an event in that individual's timeline. Note that there is no requirement that the data be collected on a fixed periodicity and entities' annual filings could be missing in some years. Within each timeline database, the collection of entities must be of a common type, but different timeline databases could contain different types of entities or events. Using survey terminology, there must be a common frame unit within each timeline database. In our schema, the grouping of events based upon a common entity ID within a single timeline database is viewed as a deterministic function and not a linking process which we view as a nondeterministic process. Entity IDs are assumed to be known true facts. In our terminology the process of creating the entity timeline in Figure 5 will be referred to as a "grouping" function.
Maintaining the taxation database could be straight forward and cost effective. Whenever a new batch of annual filing comes in, one only needs to find the associated Entity ID in the database and add a new event to the record. If the evolutionary database consisted of containers with virtual pointers, one would only need to update the pointers. If the database was structured properly, this activity might require minimal re-indexing and sorting. Once a new batch of records was appended to the end of the timelines database, it might never be touched again. The imposition of the timelines schema onto the taxation database does not require the owners and previous users of the subsidiary tax databases to change any of their previous methods. If these databases remain static, no changes will occur in the timeline database. Even edits of the subsidiary data sets may not require any updates to the timeline database. Only additions, deletions or changes involving Entity IDs will require a recompilation of the groupings inside the event containers. For an expanded discussion on the evolutionary data base structure, one might read Chapter 3 in Lothian et al. (2017) .
The Collection of Education Events from a School Board
For the education timeline database, the unique identifier might be a student while, the events might be results from tests, special education evaluations, discipline reports, and so on. Each event would occur at a specific time and there would be characteristics defined for each event. Some characteristics might be defined at the identifier level (like birth date, last address, name), while others might be defined at the event level (like date of transaction, observed attribute, and so on). In this timeline database, multiple different types of events might be recorded; each being pulled from a different subsidiary database. Again, the records must all relate to a common entity and there must be a mechanism for grouping a student's events into a timeline.
Identifier inconsistencies could be a significant issue with educational data. Changing schools could lead to the generation of an alternate student number and home address. In addition, as children age they can change their desired names. These types of inconsistencies might result in students being assigned multiple identifiers and causing fragmentation of the student's event timelines. Fig. 5 . One entity's timeline in the taxation timeline database.
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The database design and programming would be evolutionary, so that mechanisms can be developed at future dates to resolve these inconsistencies. The long-term solution for this issue is to make the unique key an internally generated database ID that can be remapped to join up the fragments. For an expanded discussion on this issue, one might read Appendix B in Lothian et al. (2017) .
The two timeline databases examples were chosen to illustrate the proposed timeline database structure and give a flavor of the challenges that CSAs would face when implementing this structure. In our design, we emphasize flexibility and evolution to deal with the constant changes in the number of data sources and what is contained within each source. By "farming out" the control of the data sources we are implicitly accepting that each source is an "it-is-what-it-is" data source. Note that timeline databases are not lighthouse registers, but the lighthouse registers might use information from timeline databases.
Linking or Relating Timeline Databases
One of the intended purposes of the evolutionary schema is to allow users to explore cause and effect relationships and to cross-relate disparate "it-what-it-is" data sets. To accomplish this task, users of this evolutionary schema will want to build and discover linkage relationships between different timeline databases. As an example, they may want to explore the relationship between school performance and health and wealth in three data sources. To build the output data set, one must start with one of the timeline databases and connect to a second timeline database through a linkage relation database. Then one must connect the resultant amalgamated database to the third source database using a second linkage relation database. Figure 6 illustrates between the timeline databases are defined. The ovals in Figure 6 will be referred interchangeably as linkage functions or linkage databases. The linkage databases are the tools that will allow us to cross-relate timeline databases and explore causal models. The linkage databases will contain unique key pairs defining relationships (links) between two timeline databases. All linkages are assumed to be one-to-one and are not necessarily exhaustive. Only direct relationships can exist between two timeline databases. Linkages involving three or more timeline databases only exist indirectly and the solutions are path dependent. Thus, if A, B, and C are three timeline databases then (A > B) > C -(A > C) > B. The intersection of the three databases is path dependent and is neither commutative nor transitive. Anyone who has observed Google searches is aware that the results of the search depend on the order of the words used to do the search. This can lead to inconsistencies in the produced results, but a generalized multi-path linkage function is not feasible. CSAs will have to establish orders of precedence for multi-source linkages.
Our database design is evolutionary in many senses. The algorithms linking, editing or transforming the data will incrementally evolve as more knowledge is acquired. Initially, some linkage relationships might be undefined and implemented on a need-to-have basis. Fields in subsidiary databases, events, timelines and new survey data sources can be iteratively added as they become available or are needed. The maintenance of the evolutionary database will be devolved and distributed amongst local groups with strengths and experience in the local data. The timeline databases can be disseminated among unrelated control groups and separate teams could be assigned responsibility for creating and maintaining the linkage databases. Each team could add events; edit fields independent of the other groups. New linkage technologies could be implemented without requiring any revisions to the timeline databases or their subsidiary databases. It becomes a distributed and cooperative evolutionary system where local changes will not force a recompile of the complete system.
Cross-Linking Disparate Data Sets Significantly Increases Risks
Intuitively, most humans have a sense of the Law of Large Numbers. We know that small observation sets are untrustworthy. So, it is natural to assume that adding more data to our system must make it more trustworthy, but that is not true when crosslinking timeline data sources. For linked data sets, this premise does not hold. To demonstrate the problem, let us return to the example we used in Figure 6 , where we are linking health and wealth data sources, so we can explore how health affects wealth. Let us make a few conceivable assumptions. We will assume that each data set is drawn for the same population, but suffers from coverage issues. Perhaps, the TAX data does not cover some of the people who never entered the labor market and thus earns no revenue and the health data only partially covers children. Figure 7 illustrates what happens when you link the data. The integrated data set (small oval) acquires the weaknesses of both source data sets. Integrating additional data set sources only makes things worse. When dealing with integrated data sets, one should always assume the output linked data set will not be representative of the target population.
Representativeness is the central issue when dealing with it-is-what-it-is data sets and
this section illustrates that however we attack the problem, there are no magic bullets. Instead, with representativeness in mind, one must use a structured and methodical strategy to identify and eliminate biases related to coverage problems. Our approach transfers the representative problem to the lighthouse registers in Figure 1 . There dedicated teams can focus on continually identifying and improving representativeness in an evolutionary manner. Like in the case of the BR, new sources or strategies will be found to minimize coverage biases.
Timelines are a Fundamental Concept
In the data model presented, time is a foundational concept. Our intent was to design a database that could relate causes and effects, and a necessary requirement for this is ordering events from multiple timeline databases into a single event timeline. The linking of events into a timeline can open avenues for improved linkage strategies. Missing linkage variables can be estimated from other events in the timeline and inconsistencies in names, addresses, age, and so on, can be edited and standardized by analyzing the full timeline. The linkage strategy could depend on time vectors instead of a single value. Perhaps this kind of linkage strategy could help us deal more effectively with name and address changes.
Linkage Processes have an Underlying Probabilistic Nature
Linkage functions are assumed to be probabilistic, in the sense that the linkage function always has significant uncertainty associated with each identified link. Linkage functions produce a subsample of the two source data sets, where the records produced have an underlying probabilistic element. The number of links found and the "truth" of each link is probabilistic (random) in some sense. While it is almost certainly true that the linked data set is generated by some probabilistic process, we have little knowledge concerning the selection probabilities. We are not even certain whether the selection is with or without replacement. A key issue is whether the probabilistic sample is representative of our target population. What we will assume is that the sample selected will be non-confounded (at random) (Rancourt et al. 1994 ) within some estimation domain. This is a powerful assumption.
Our linked output data set is a convenience sample (i.e. non-probabilistic samples sometimes referred to as opportunity or accidental samples see for example Baker et al. 2013 ) which we will refer to as a linked sample. Our linked sample is a subpopulation derived using relationships to which we have access, but we have no control or knowledge of how these relationships were constructed. Researchers using this linked sample cannot make scientific generalizations about the general population from this sample because it may not be representative of the target population. Strictly speaking, linked or convenience samples are non-probability samples (Baker et al. 2010 and 2013 ), yet we can hypothesize a hidden underlying probabilistic selection mechanism that is random within some estimation domain (stratum). Thus, the non-probabilistic element of the selection process only affects the balance between estimation domains. The credibility of a researcher's results when using this hypothesis will depend on convincing the reader that the researcher has properly compensated for the imbalance between domains and that the final estimates are representative of the population of interest.
Using Stratum Definitions to Improve Representativeness
CSAs create various types of strata to help address nonrepresentative issues and to improve the efficiency of estimates. Coverage issues are regularly encountered in CSA surveys and censuses. Even full-enumeration censuses can experience significant undercoverage of special subpopulations. CSAs have several strategies for dealing with these types of issues. One standard practice is to assume that nonresponse is missing at random within a stratum. This is analogous to the strategy that we are proposing.
CSA methodologists are mindful of the potential weaknesses caused by assuming that nonresponse is missing at random. Yet, nonresponse and undercoverage of special subpopulations occurs in every survey and census. This has forced CSA methodologists to develop a toolbox of strategies to eliminate coverage issues. These may include: assuming missing at random within strata; modelling using auxiliary information; Bayesian imputation; targeted follow-up surveys of under-represented subpopulations; calibration; capture-recapture techniques; propensity models; and so on. Historically, CSAs have followed an evolutionary strategy in developing these methodologies. The authors see a comparable evolutionary development strategy occurring within our schema. Our assumption of "random selection within a stratum" is a first step in this development chain. We expect that, over time, more sophisticated technologies for dealing with coverage issues will arise.
Our lighthouse registers and assumption concerning randomness within a stratum are initial building blocks that force methodologists to confront representative issues head on. What we are proposing is a heuristic strategy based on what worked in the past, rather than a theory built from first principles. If a CSA can construct the three lighthouses and if the statistical registers are a reasonable approximation of complete unduplicated coverage of the target populations, then the authors believe that toolboxes for fixing representativeness can be developed for "it-is-what-it-is" data sets.
Estimation Plays a Central Role in the Design of the Evolutionary Schema
Up to this point, the focus of our database design was implementing a cause and effect design and exploiting the scalability, flexibility and efficiencies of an evolutionary data model. The objective is to use estimates derived from this schema to make inferences concerning real world populations and how entities in these populations interact in time and space. (For a further discussion on the importance of space and supporting GIS solutions in our paradigm see Lothian et al. 2017) .
To derive interpretable estimates from the data, we must make some conjectures about the data and apply a structured scientific estimation theory. From survey theory, we suggest borrowing from one of the three different paradigms. The first is the design-based, or randomization, theory (Särndal et al. 1992) , which emphasizes that attribute values of the records in the data are fixed values and that it is the random selection of the elements in the data set that ensures the representativeness of the target population through the use of a sampling frame. The second paradigm is the predictive, or model-based, approach (Valliant et al. 2000) , where the values are regarded as realizations of random variables and the design by which the survey elements are selected is of less importance. A third paradigm that can be implemented is a Bayesian inference framework. It has been put forward as useful for analysis of small non-probabilistic samples and appears to be a direct alternative when data from different sources are being combined (Little 2012 and 2015; Rao 2011) . The choice of which paradigm to use depends both on one's estimation objective and/or philosophical training. In our schema, we present a design-based paradigm, but either of the other two paradigms could be substituted. Our schema does not favor any of the three paradigms. One just needs to choose one paradigm and stick with it.
In the literature to date, there has been much discussion on the data availability, potential data models, building the databases and linking algorithms, rather than how estimation and statistical inference enters the data schema. Most of the literature seems to focus on database structures or building the information technology infrastructure (Holman et al. 2008 ). There are numerous articles on linkage algorithms (Fellegi and Sunter 1969; Jabine and Scheuren 1985; Winkler 2009 ); others on specific attempts to define the required data structures (Holmberg et al. 2011; Wallgren and Wallgren 2014) ; and others on the construction of specific data ecosystems (Holman et al. 1999) . Literature with an end-to-end perspective of all the components necessary to do statistical inference and estimation are less common. One such overview is the paper by Zhang (Zhang 2012) , which provides a conceptual statistical methodological framework for using "it-is-what-itis" data sets (or administrative data sets in his article). This article was inspired by Zhang's article. Our schema provides one possible implementation framework within Zhang's conceptual model.
Discussions on estimation strategies are complex and the non-probabilistic nature of the "it-is-what-it-is" data sources can generate considerable controversy. As we mentioned previously, the major obstacle is constructing an estimation framework that generates results that are representative of the general population. We believe that registers must play a central role in making estimation representative. Registers and frames are the support scaffolding for estimation done within the evolutionary schema. Without this scaffolding, our estimation strategies will be weak and prone to failure irrespective of the design paradigm that we choose to use.
Registers/Frames Anchor the Evolutionary Databases
Generally, statistical frames will be derived from information available from one of the three base statistical entity registers using the Statistical Register Creation Rules (Figure 3) . If U R is the set of all entities in our base register, then:
The base or entity register U R is an integrated, micro-merged and maintained list of entities created from the combination of different administrative data sources based on identifiers that are unique to the various data sources, (see Section 3). In addition, we need a linkage relationship database that cross-links the statistical frame and the entity timeline database of interest. With U F defined, we could calibrate the "it-is-what-it-is" linked sample to the frame. (In Bayesian terminology, these calibrations would be prior constraints on the probability distributions.) By using aggregate data from the frame, such as domain totals X d and domain counts N d and regarding them as known constants, weights and calibration equations can be constructed that reproduce these known parameters within the linked data set. Hence, we construct weights w k that satisfy the principal expressions:
where A d is the subset of linked elements k observed within domain (stratum) d. U F d is the complete enumeration of elements k within domain d in the survey frame F while x d,k is a vector of known variables provided by the frame. Depending on the circumstances, different variants of Equation (2) can be used (Särndal et al. 1992) .
In our formalism, we assume that U F provides unduplicated complete coverage of the target population U T . To cover domains d, we just add the subscript d and define variables
where an important case of x k are the indicators 1 k variables that gives us,
y d;k from the linked data set is then done by using the same set of calibration weights, that is,
This is a popular technique often used in a design-based inference (Lundström and Särndal 2005; Särndal 2007 ). To apply it here, we have to make the naïve assumption that the linked sample within an estimation domain is a nonconfounded sample from the target population. Then calibrated estimates are possible, and under this simple scenario one could estimate variances. (Nonconfounded might be considered as synonymous with "observations missing at random". We assume that the observed subpopulation is representative of the full target population in every variable. Nonconfounded has a wider contextual meaning that implies the measurement variable is unbiased in both the statistical and non-statistical sense. The term "unconfouded" is discussed by Rancourt et al. 1994 ).
If we have entity level information from the frame, we can take the calibration technique one step further and apply explicit models, that is, compute calibration weights that, instead of (Wu and Sitter 2001) . In this case, a separate model can be applied for every study variable and domain, although that would require a considerable modelling effort.
In a Bayesian framework, we can denote the information we have from the statistical entity frame by Z, it would enter in the specification of the prior distribution of the population values, p(Y|Z). It would also be used as covariates during the generation of the posterior distribution and parameter estimation when the prior is confronted with the linked data (Bryant and Graham 2015) .
The above discussion is a framework for an estimation strategy rather than an explicit methodology. In practice, we are advocating reproducing classical (design-, model-, or Bayesian-based) estimation techniques used in current survey designs.
Linking Disparate Timeline Source Files to the Frame
Ancillary register/frame information is necessary for unbiased estimation when one is cross-linking two "it-is-what-it-is" data sets. To illustrate this point, we will demonstrate how estimation might occur in a simple example. Let us look at the Section 4 example with our timeline databases of health and income. We wish to estimate the relationships between health and wealth of individual entities in the current population (see Figure 7) .
There are multiple difficulties with these data sets. First, the TAX and HLTH timeline databases contain out-of-scope units and have significant undercoverage of the target population. In survey terminology terms, we are neither sure of the true target population size N nor of the true sample size n. Without some knowledge of the true n and N, how can we make unbiased estimates of the relationships? How do we answer such questions as: how many children are expected to have a specific health issue? At best, we can estimate ratio or proportional effects that apply to unknown subpopulations. Second, we know that both timeline databases are confounded, possibly in different ways. In general, the poor, immigrants, the very young, the very old, persons with handicaps, stay-at-home parents, and so on may be missing from one or both timeline databases. In survey language terminology, our linked subsample is a biased sample. However, if we assume that the sample within each estimation domain d is "at random" or nonconfounded, and if the entity frame is of good quality, giving us n d and N d we can apply the calibration technique in Equation (2) and improve the estimates by decreasing the bias. Without the register/ frame we would not have this possibility.
Linking the Integrated Sample to the Frame
There are two simple strategies one might use to link the integrated sample to the empirical frame. If we are fortunate enough to have quality information available to link the sampled records at the entity level, we can create a micro-entity estimation file with weights applied at the entity level. Even if entity level linkage is not possible, we could link at the domain estimate levels if each timeline database file contains the domain stratum identification variable. In these simple cases, we will be making the naïve assumption that any overor undercoverage or nonresponse is "at-random" and within an estimation domain is ignorable. As mentioned in Subsection 4.7, CSA methodologists have developed a toolbox of strategies to eliminate coverage issues. We are presenting one of the most straightforward strategies.
Estimation when Entity Level Linkage with the Frame Exists
Let us assume that we have a statistical register of current residents (perhaps derived from a recent census or as a result of maintaining a PR lighthouse). Furthermore, a linkage relationship exists, connecting the resident ID on the frame to the person's personal TAX_ID in the taxation timeline database.
Each ellipsoid in Figure 8 could be considered indicative of a survey processing step or a linkage-step and we call the steps through the linkages 'phases'. Figure 8 illustrates what a phase means in our schema: the pentagon is our output integrated data set from the first phase and comprises two container fields holding the TAX_ID and the HLTH_ID. Without context, the output data set is not generally sufficient information to derive reasonable estimates. In phase 2, the context (or calibration) turns the phase 1 output file into estimates. At times, the second contextual phase can be overlooked when dealing with "it-is-what-it-is data". We believe this is a key point, and frames and registers can provide the scaffolding that supports quality estimates. 
Estimation when Entity Level Linkage with the Frame Does Not Exist
In some cases, no reliable entity level linkage information may be available, or it is possible that we wish to link disparate information collected from different, but similar, entities. If the three data sets (health, wealth, census frame) are nonconfounded within an estimation domain, are concurrent and have common domain stratification variables, then an estimator may be found. Figure 9 illustrates this case. In Figure 9 , the linkage between the entity level data (pentagon) and the frame (the circle) will be indirect. The second phase parallelogram represents the combined information from the two. As an example, assume the linked timeline databases contain categorical data such as a geographical (domain d with D categories) and a socioeconomic classification (domain d 0 with D 0 categories) and that we have this information in the frame as well, but not necessarily simultaneously. With 6 being the domain category indicator, we can form x k ¼ ð6 1k ; : : : ; 6 dk ; : : : ; 6 Dk ; 6 1 0 k ; : : : ; 6 d 0 k ; : : : ; 6 D 0 k Þ T and the right-hand side of (2) will be the domain counts
Hence, we use the marginal distribution of the domain categories from the frame to support the estimation. The weights that satisfy a calibration equation will depend on the inferential principle used and with this x k there is no nice expression, however numerical computations are not difficult. In a generic sense, Equation (2) still holds.
Total Survey Error Measurement in the Evolutionary Schema
Error Measurement and Metadata
The authors see information on error measurement as a fundamental component of the evolutionary schema. We see this information being stored and maintained in ancillary metadata files within the ecosystem. We see a metadata file attached to every register, source data and linkage function file in the ecosystem. The metadata file will contain information on data sources, variables available, discussions on weaknesses and strength of the data and other quality-related information. We see these files as a vital component of ensuring representativeness and long-term quality of estimates.
Metadata is the Gateway to the Evolutionary Schema
Researchers will often approach the evolutionary database with an ambiguous research objective. While these research questions may appear to be wide-ranging or imprecise, they often have very restrictive underlying constraints that will impact on estimation, such as, requiring specific data years and/or subpopulations and/or source data sets and/or relationships being estimated. Researchers will want to know if the available sources/relationships/registers/linkage functions adhere to these constraints. Thus, associated with every object/function in the evolutionary schema should be a metadata descriptor.
The most basic and most requested metadata is an explanation of how to access the data and how it is structured. Users wish to get on with using the data. They require database access protocols, file names and locations, field names, formats and brief descriptions, and source providers for the various data sources.
While this access information is vitally important to users, it presents dangers if it is not balanced with information related to the quality and limitations of the data. Without some discussion on the populations covered by each file, you are encouraging users to apply their analysis to inappropriate subpopulations. Reid et al. (2017) propose a framework for quality documentation and communication in this situation. Or, perhaps, the user is linking two sources with slightly different entities (family versus head of household), and this creates misleading relationships. The authors believe that the priority of meta-data should be the presentation of quality information to the database user, rather than a focus on metadata that is easy to create or requested most often.
Measuring TSE
Total Survey Error (TSE) (see, for example Biemer 2010; Groves and Lyberg 2011) can rarely be reduced to one number, instead it is a structured methodological approach for reviewing and compiling sources of error in a survey. Errors can arise at each classical survey processing step: frame creation, sample design, questionnaire design, questionnaire distribution, collection, editing, follow-up, imputation and estimation. Each survey processing step can introduce errors in potentially different dimensions of error. The TSE paradigm treats each aspect or dimension of the survey processing system as part of a collage that defines the overall measure of quality. At each processing step, quality measurables are collected and assembled into an overall package that allows the survey designer to understand where errors occur and give them some sense of their overall impact on the TSE. TSE is a structured approach to cataloguing and measuring the errors that arise in each of the classical survey processing steps. TSE challenges us to view survey errors in a structured and holistic manner.
While the classical survey processing steps may not be applicable in a data integration paradigm, we believe one should use a similar structured approach that breaks down the overall estimation process into self-contained subprocesses. A few simple measurables will be suggested within each subprocess. These measures will be naïve, but we believe they will address the primary concerns of most users. We propose focusing on the coverage or representativeness of the specific output data set in the specific subprocess.
Error Arising from Source or "it-is-what-it-is" Data Sets
In our schema, the source data sets are the rectangles in Figures 8 and 9 . Source data sets will be administrative, survey or census data sets containing observed variables that we wish to interrelate. Often, the incoming quality and content of these sources will be beyond the control of the CSAs. In the following section, quality measurables will be suggested for these source data sets. Note that the timeline concept introduces a new way to view quality in the schema.
Coverage Statistics
In the Evolutionary Schema, population coverage is a critical concept because it is expected that most data sources will have biases in their coverage of the target population. Every source data set should be related to its coverage of a frame or register, preferably either the BR or the PR or the land register. The population coverage should be as devolved as possible. Thus, for person entity data sources one should provide coverage by sex, age, geography and as many other demographic characteristics as possible.
Thus, for each processing step p and domain d, we will calculate the quality measure set 
If there are m domains in processing step p, the full set of preliminary quality measures Q p;R d will be:
By examining Q p,R for all d, the analyst/user can derive some sense of the representativeness of the output data set derived from process p. These three measures are simple, and far from comprehensive, yet nevertheless powerful. They address the principle weakness of linked and "it-is-what-it-is" data sets, representativeness. Small values of n d and f d or disparate values of f d for different d can be indicators of quality problems.
We propose using at least one of the three statistical registers/frames to generate Q p,R for each processing step and then placing this information in the metadata. We recognize that these sets of measures are not comprehensive, but they are relatively simple to autogenerate and if they are used properly they will stop the worst cases of misuse of the data. From our perspective, this is the first step in the evolutionary development of TSE indicators of representativeness.
Stability Over Time
These basic measures could be augmented by measuring changes within event timelines. Timelines are collections of events for a specific entity from a common data source. For each entity's timeline, we could record statistics concerning how often a field changes or is missing. Then, aggregate (domain) estimates of the average changes or proportions of missing values could be automatically generated and placed in the metadata. Grouping events into timelines gives us an extra dimension of quality to measure.
Evolution will Develop New Measures of Quality
As new registers, sources, linkage functions, timelines and events get added to the database, users will develop new insights about the data and better measures of quality. We will discover new algorithms to calculate these measures and place them into the metadata.
Summary
We set out to identify some key issues in using administrative data: estimation and assurances of quality. In a two-year-long discussion amongst ourselves and other methodologists, we explored the numerous pitfalls one encounters when using administrative data and we discussed several strategies that needed to be a part of any statistical system using administrative data. While we quickly realized that representativeness was the Achilles heel of administrative data, we were strongly influenced by Zhang's article calling for a new conceptual paradigm when dealing with administrative data. Thus, right from the beginning of our discussions we attempted to tackle the problem in a holistic manner, attempting to use a full conceptual paradigm for dealing with administrative and it-is-what-it-is data. Below is a summary of our major finding and an outline of the main features of our schema.
Administrative Data is Nonrepresentative
The key weakness of administrative data is that various sections of the targeted population have coverage issues, and this generates representativeness problems. Coverage is never 100% in any administrative data source and in most cases, significant portions of a population are under-or overcovered. This is a systemic problem that is considerably worsened by cross-linking multiple administrative data sets. Methodologists must address this key fact steadfastly. We must be capable of defending our estimates from criticisms of bias caused by undercovering the under-priviledged or the rare populations. If we cannot do this effectively then CSAs will lose credibility.
Correction with Registers and Frames
Our solution to this problem and recommendations to CSAs is to create the three lighthouse registers and use them to measure under-and overcoverage in various domains/strata/classes. Then we use these registers to create calibrations (design-based designs), models (model-based designs), or Bayesian priors (Bayesian designs) to correct for coverage issues. Here we are following the historical development path for correcting coverage issues in censuses.
Evolutionary (System Grows in Every Sense Over Time)
We see our schema as an evolutionary system in every sense. New data sources will evolve, and old ones will disappear. New data points will be added (both in time and crosssections). New database designs will be incorporated, and new estimation and linkage algorithms will constantly be developed. New methodologies will be constantly under development and evaluated.
Distributed and Collaborative System
Administrative data spans wide areas of knowledge, subject-matter areas, geography and time. In addition, the final design will incorporate ongoing development of complex statistical and IT methodologies. No one group can do these tasks centrally. The tasks and data sources must be delegated across various teams with varying backgrounds and expertise. A central design and control structure would be created to oversee these teams.
Evolutionary Convergence
When we create our registers, data sources, methodologies, and so on, there must be a path of convergence towards an ever-improving system. Ideally, each new evolutionary step will incorporate all previous information gathered. Consider the BR. In general, most of the information in the BR is tombstone information that rarely changes over time. Births and deaths are a small percentage of the population, only a small percent of the addresses or names change each period, and so on. The BR team focuses on changes rather than the full population. This is also the manner in which the census address list is maintained. Similarly, our evolutionary system would be built along paths that evolve towards better quality and optimality. Feedback loops are important in this system. Users must be able to feed corrections that they have identified in the registers, algorithms, and so on, back into the system. This is the way the BR and the address register of traditional censuses worked.
Timelines (Cause and Effect)
There is one message we are hearing continually from researchers who want to use CSA data. They want to do cause and effect studies or longitudinal studies. Our data need to have a natural time structure built in from the beginning. We see each administrative data transaction as an event that occurs at a specific time. We propose grouping and time ordering these events that occurred for a common entity into timelines. For each data source, an implicit timeline database would be created for each entity. Viewing the data in this manner not only allows for effective studies, it also opens new possibilities for editing, imputation, linking, and so on. Of course, there are still statistical challenges in establishing representativeness in longitudinally linked records in order to reliably interpret the results.
